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Who Benefits Most From Couple Relationship Education:

A Machine Learning Approach

Po-Heng Chen and Hannah C. Williamson

Department of Human Development and Family Sciences, The University of Texas at Austin

Objective: Couple relationship education (CRE) seeks to enhance relationship functioning and prevent
deterioration of relationship quality over time. However, impacts of CRE are mixed and often appear to be
influenced by the characteristics of the couples receiving the intervention. To provide effective inter-
ventions, a better understanding of the couples who are most likely to benefit from CRE is needed.
Unfortunately, the existing literature has failed to account for the complex and interdependent nature of
pretreatment risk factors, leading to inconsistent and inconclusive results. Method: The present study
addresses this issue by applying causal forest, a machine learning technique, to two randomized controlled
trials of CRE to determine the pretreatment characteristics that are most predictive of treatment outcomes. In
Study 1, data from 6,298 couples were used to train causal forest algorithms, and in Study 2, data from 1,595
couples were used to test the accuracy and generalizability of the trained models. Results: Causal forest
models indicated that pretreatment characteristics predicted 12-month treatment effects, such that parti-
cipants with higher psychological distress and lower baseline relationship happiness experienced greater
improvements in relationship happiness, while those with higher psychological distress and perceived stress
had greater reductions in negative emotions and behaviors within the relationship. These results were robust
when tested in a novel data set. Conclusions: This research highlights the underlying heterogeneity in CRE
treatment effects and demonstrates the ability of machine learning methods to identify who may benefit most
from CRE and can inform efforts to improve targeting of these interventions.

What is the public health significance of this article?

Over the past 2 decades, the federal government has invested more than $2 billion in couple relationship
education programs targeting lower income couples in the United States. Identifying the couples who are
most likely to benefit from these intervention efforts, as well as those who reap little benefit, is crucial for
ensuring that these funds are spent wisely, but currently little is known about how to identify couples
who are a good match for this type of intervention. Using data from two randomized trials, this study
shows that low-income couples who were experiencing high levels of relational and psychological
distress and high levels of external stress were the most likely to benefit from couple relationship
education.

Keywords: causal forest, close relationships, couples, intervention, relationship education
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Intimate relationships are one of the most consequential experi-
ences in our lives (Fletcher et al., 2015). Being part of a healthy
intimate relationship conveys a wealth of benefits, including better
health, psychological well-being, and economic benefits for the
romantic partners, as well as creating a positive environment for
children to grow and flourish (e.g., Braithwaite & Holt-Lunstad,
2017; Don et al., 2025; Robles et al., 2014). Despite the far-reaching
effects of strong intimate relationships on individuals’ lives, main-
taining a strong relationship is difficult for many people: 40% to 50%
of first marriages in the United States end in divorce, and dissolution
is even higher for couples in cohabiting nonmarital relationships
(Cherlin, 2010). In recognition of the struggle that many couples face
in maintaining healthy, satisfying relationships, scholars developed
couple relationship education (CRE) as a preventive intervention that
could be widely disseminated in order to prevent the development of
relationship distress (Halford et al., 2008).

However, CRE has not been wholly successful in achieving this
goal. Estimates of treatment effects for CRE have varied widely,
with some studies documenting effect sizes that are moderate in
magnitude (e.g., Doss et al., 2016), others finding very small or null
results (e.g., Halford et al., 2017), and some even documenting
iatrogenic effects (e.g., Rogge et al., 2013). Given the range of
potential outcomes, understanding the factors that predict treatment
response has long been of interest to the field. However, the existing
literature on this topic suffers from methodological limitations, such
as small sample sizes, focus on a single moderator, and/or use of
parametric analyses with strict assumptions that are likely violated.
Therefore, results of this literature have been mixed, leaving us with
no clear picture of which couples will benefit most from CRE. The
present study addresses this issue by using a cutting-edge machine
learning technique (causal forest; Wager & Athey, 2018) that can
overcome these methodological limitations and provide a clearer
picture of the pretreatment characteristics that are most predictive of
treatment outcomes in CRE using data from two large randomized
controlled trials (RCTs).

Moderators of CRE Effectiveness

Some research has already been done to examine whether pre-
treatment couple characteristics moderate treatment effects, though
this literature has largely focused on a single characteristic: rela-
tionship distress. Even within this single domain, results are mixed
as to which couples benefit the most from CRE. Much of the existing
research supports the “room for improvement” hypothesis (Halford
& Bodenmann, 2013), which suggests that couples experiencing
higher levels of distress may derive greater benefits from CRE than
more satisfied couples (e.g., Bradford et al., 2017; Carlson et al.,
2017; Halford et al., 2017; Quirk et al., 2014; Williamson et al.,
2015, 2016). Yet the way researchers distinguished between dis-
tressed and nondistressed participants in these studies was often
based on limited metrics or arbitrary cutoffs, such as using a single
item or choosing seven out of 10 as a cutoff point.

In an effort to improve measurement of pretreatment relationship
functioning, a recent study of moderators of CRE treatment effects
employed a broader array of pretreatment relational characteristics,
including measures of relationship happiness, commitment, and sta-
bility, and used a data-driven latent class analysis to select distressed
versus nondistressed couples (Urganci et al., 2024). Results of this
study revealed that benefits of CRE were predominantly seen in

couples who exhibited higher relational functioning prior to the
intervention. These findings raise questions about the best way to
characterize pretreatment risk factors and indicate that relying on a
single variable likely oversimplifies the experiences of the participants
and fails to capture the intricate ways in which various aspects of
relationship functioning interact with one another (Quintana, 2023).

While pretreatment relational dynamics are likely to be important
in determining CRE treatment outcomes, the web of factors influ-
encing treatment effects also extends to the broader context in which
the couple lives. Basic studies of relationship functioning indicate
that various risk factors, including personal characteristics and
external stressors, are associated with relationship outcomes (Karney
& Bradbury, 1995; McNulty et al., 2021), but these factors have been
understudied in the relationship intervention literature. The few
studies that have examined contextual risk factors suggest that these
variables can moderate CRE treatment effects, but the findings
remain mixed and incomplete. Recognizing that couples often face
multiple, co-occurring challenges such as financial strain, mental
health issues, and relational distress (Maisel & Karney, 2012), some
researchers have adopted a cumulative risk approach when exam-
ining contextual stressors. This method involves summing the
number of risk factors each couple presents with at baseline, with the
assumption that the accumulation of risk exacerbates relationship
difficulties and influences responsiveness to intervention (Rauer
et al., 2008). Several studies using this approach have found that
couples with more cumulative risk (e.g., those who were lower
socioeconomic status, younger, or lacking external social support)
tend to benefit more from CRE than lower risk couples, consistent
with a “room for improvement” perspective in the contextual domain
(Amato, 2014; Ritchie et al., 2023; Williamson et al., 2016).

However, even within this growing literature, the cumulative
risk approach has limitations. By assigning equal weight to diverse
risk factors and collapsing them into a single score, it assumes
equifinality, which means that “individuals with very different risk
factors or profiles may nevertheless experience similar relationship
outcomes” (Rauer et al., 2008, p. 3). This assumption may obscure
meaningful distinctions between qualitatively different profiles. For
example, a minoritized couple experiencing high discrimination and
low commitment and a White couple facing financial instability and
emotional aggression might each receive a cumulative risk score of
2, yet the dynamics of their relationships and their potential response
to CRE could be vastly different. Indeed, research suggests that not
all risks are equal: In one study, couples with lower commitment
improved more with CRE, while those facing aggression or
problematic alcohol use actually fared worse than those in control
conditions (Williamson et al., 2015). Thus, while cumulative risk
models mark an important advance over univariate approaches, they
still fall short of providing clear, actionable guidance for identifying
which couples are most likely to benefit from CRE. A more flexible
and nuanced analytic strategy is needed that can account for the
distinctive and interactive effects of specific risk factors without
forcing them into a single additive framework.

Overall, taking stock of the existing research on pretreatment
characteristics, there is little consensus indicating which couples are
more likely to benefit from CRE than others. Generally, a higher
number of risk factors tends to be associated with receiving more
benefit from the treatment, but the effects of specific risk factors are
mixed, with some predicting improvement and others predicting
poorer outcomes. Prior research often yields inconsistent or
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incomplete findings because it relies on simplified univariate or
summative approaches that do not adequately capture the complex,
distinct influences and interactions among multiple risk factors.
Additionally, previous studies have relied on moderation in linear
regression or subgroup analyses, methods that become difficult to
interpret with high-dimensional data and require very large sample
sizes which are often unattainable, resulting in underpowered
studies unable to detect meaningful interaction effects (Quintana,
2023). Consequently, the field lacks clarity about which couples
benefit most from CRE. Given the multifaceted nature of couples
and the complexity of treatment response, more flexible, high-
dimensional analytic approaches are needed to model multiple
interacting factors simultaneously.

The Present Study

The present study addresses these limitations by using causal
forest analysis, which is a machine learning technique that was
developed to assess treatment effects in RCTs in the presence of
complex and high-dimensional covariates (Athey & Imbens, 2016;
Wager & Athey, 2018). Causal forest is nonparametric, which
means that it can estimate heterogeneous treatment effects without
imposing a functional form on the predictors. For example, mul-
tiplicative interaction models that have been widely used to evaluate
treatment effect heterogeneity assume the treatment effect changes
at a constant rate with the moderator, an assumption that is not
imposed in causal forest. This approach is well-suited to address
this research question because it can accommodate a large array of
parameters relative to sample size while mitigating the risk of
overfitting by utilizing algorithms optimized for predictive power
and accounting for the unique and interactive influence of each
pretreatment risk factor.

In Study 1, we apply causal forest analysis to data from 6,298
couples who participated in an RCT of CRE to identify heteroge-
neity in treatment outcomes, then parse out the distinct and inter-
active roles that various pretreatment risks play in shaping the
effectiveness of the CRE intervention. In Study 2, we test the
generalizability and robustness of the results from Study 1 by
applying the trained model to an independent data set of 1,595
couples who participated in an RCT of CRE. Study 1 is exploratory
in nature, using the data-driven causal forest approach to explore
how pretreatment characteristics contribute to heterogeneous treat-
ment effects of CRE. Thus, we do not make hypotheses about the
expected results of Study 1. In Study 2, we expect that the predictive
algorithm developed in Study 1 will successfully predict treatment
outcomes in these novel data.

Study 1
Method
Transparency and Openness

We report how we determined our sample size, all data exclusions
(if any), all manipulations, and all measures in the study, and we
follow Journal Article Reporting Standards (Appelbaum et al.,
2018). The data reported in this article were obtained from publicly
available data (the Supporting Healthy Marriage [SHM] evaluation,
https://www.icpsr.umich.edu/web/DSDR/studies/34420). Analysis

code and research materials are available at https://osf.i0/42qyz. This
study’s design and its analysis were not preregistered.

Participants and Procedure

Data are drawn from the SHM project, which is a RCT of CRE
(Hsueh & Knox, 2014). Married' couples (N = 6,298) who had or
were expecting a child together and had a household income below
$50,000” took part in the study, which was implemented at eight
sites in seven different U.S. states. Enrollment occurred from
February 2007 to December 2009. After providing informed con-
sent, partners separately completed self-report questionnaires (T1)
and then received their random assignment to the intervention
condition or to the no-treatment control condition. A follow-up
telephone interview was conducted separately with both partners
about 12 months after enrollment (T2),’ with a response rate of 80%
for men and 85% for women. The analytic sample was comprised of
individuals (N = 9,977) who responded to the T1 and T2 surveys.
This study used an intent-to-treat (ITT) approach, which includes all
participants who were randomly assigned regardless of their uptake
of the intervention.

The SHM Program

The SHM program consisted of three parts: curriculum-based
relationship and marriage education skills workshops in small groups,
supplemental activities, and family support services. Local sites used
one of four different curricula for their relationship skills workshops,
all of which focused on common themes such as commitment, trust,
conflict management, and promoting positive connections and inti-
macy. These four curricula offered 24-30 hr of programming, which
local sites were free to deliver however they chose. For example, some
sites chose to start participants with a full-day Saturday workshop,
followed by weekly sessions, while others delivered the curriculum in
a series of 9—15 weekly sessions. In addition to the relationship skills
workshops, supplemental activities offered couples opportunities to
attend educational events (e.g., seminars on financial management and
parenting), participate in social events (e.g., date nights, family out-
ings), practice skills from the workshops, and build networks with
other couples in the program.

Finally, couples were paired with a family support staff member
who had three goals: to maintain contact with couples to facilitate
their participation in the other two program components, to help
couples reduce family stressors and address family needs by linking
them to community resources, and to reinforce key workshop
themes in personal meetings with couples. Sessions were attended
by both spouses; 83% of couples attended at least one workshop
session, and couples received 60% of workshop hours, on average
(17 hr). See Miller Gaubert et al. (2012) for additional details
regarding recruitment, implementation, and intervention curricula.

! Although couples were required to be married at the time of enrollment,
proof of marriage was not requested. Couples were asked to report their
marital status at the 12-month assessment, where it was discovered that
80.9% of couples were married at the time of enrollment (Miller Gaubert
et al., 2012).

2 $60,000 for programs located in Seattle and the Bronx.

3 SHM also included a 30-month follow-up. However, we do not use these
data because the data set used in Study 2 only has a 12-month follow-up.
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Measures

Dependent Variables. Four treatment outcome variables were
tested, consistent with the primary outcomes used in the original
SHM evaluation (Lundquist et al., 2014).

Relationship Happiness. The participant’s global appraisal of
the relationship was assessed with a single item asking, “All things
considered, on a scale from 1 to 7, where 1 is completely unhappy
and 7 is completely happy, how happy are you with your marriage to
SPOUSENAME?”

Positive Communication Skills. Seven items based on the
Gottman Sound Relationship House Questionnaire were used to
measure how well the couple communicates during disagreements.
An example item is “We are good at working out our differences.”
Items were scored on a 1 to 4 scale, where 1 = never and 4 = often.
Responses were averaged to form the scale score (x = .79).

Negative Emotions and Behaviors. Seven items were used to
measure negative couple interactions during disagreements. An
example item is “My spouse was rude and mean to me when we
disagreed.” Items were scored on a 1 to 4 scale, where 1 = never and
4 = often. Responses were averaged to form the scale score (a = .90).

Relationship Stability. Whether the relationship was still intact
at the 12-month follow-up was assessed with a single item.
Respondents were asked, “What is your marriage status?” with
response options of married (living together), married (living apart),
divorced, and separated. If married was selected for both partners, a
score of 1 was given. Otherwise, a score of 0 was given.

Pretreatment Characteristics. All available baseline variables
(31 in total) were used as pretreatment characteristics. These included
race, income, religiosity, education, psychological distress, substance
abuse, social support, adverse childhood experiences, stressful life
events, perceived stress, relationship happiness, thoughts that the rela-
tionship was in trouble, and relational aggression measured at the
individual level (i.e., self-reported and partner-reported are both included
in the model); relationship length, cohabitation history, whether this was
a remarriage, and number of children measured at the couple level; and
one dummy variable to indicate gender because all couples are male/
female dyads. A detailed description of how each of these variables was
measured is available in the Supplemental Material.

Analytic Approach

All analyses were performed in R (Version 4.2.2; R Core Team,
2024) using the “grf” package for causal forest analyses (Tibshirani
et al., 2022). The causal forest algorithm extends the random forest
framework to the causal setting by developing decision trees that
partition the data based on covariates that explain differences in
treatment effect, rather than differences in outcomes alone (as is
the case in random forest; see Athey & Imbens, 2016). Each tree
identifies subgroups with similar covariate profiles and estimates
localized treatment effects within those subgroups.

Following guidance from Wager and Athey (2018), we instructed
the algorithm to construct 5,000 causal trees using bootstrapped
random subsamples and 25 randomly selected pretreatment char-
acteristics. To account for the clustered nature of the data, we
incorporated individual-level pretreatment characteristics from both
partners of each couple simultaneously into the models. Additionally,
we implemented a sampling strategy within the algorithm to ensure
balanced representation across sites and to prevent double counting of

CHEN AND WILLIAMSON

couples within each tree. Specifically, the algorithm was configured to
draw equally from each site and to select only one partner from each
couple for each tree. This approach maintains the integrity of the
couple-level and site-level data structure while allowing for a com-
prehensive analysis of individual-level effects within the context of
the relationship. The algorithm then assembled all the trees to estimate
the conditional average treatment effect (CATE), which identifies how
much the treatment is expected to affect a specific individual, given
their characteristics. It is these individualized estimates produced by
causal forest that allow for fine-grained analysis of effect modifiers
compared to the traditional analytic approach to RCTs, which com-
pares the mean levels of the treatment and control groups and produces
only sample-level estimates.

A two-stage causal forest approach was used to obtain less biased
estimates, utilizing the honest splitting technique (Athey & Imbens,
2016). Through recursive partitioning, the data were first divided into
two subsets for each tree. The first subset is the training data set,
which was used to construct causal trees, with the goal to maximize
heterogeneity in treatment effects across leaves. The second subset is
the estimation data set, which was used to estimate the treatment
effects of each leaf of the trees. When estimating individual CATEs,
the algorithm employed an augmented inverse-propensity weighted
estimator in each leaf. Augmented inverse-propensity weighting
incorporates the treatment assignment and the propensity of being
treated given pretreatment characteristics to ensure precise estima-
tions of CATEs. This method demonstrates robustness in estimating
treatment effects even in the presence of attrition (Kurz, 2022).

After estimating CATES, the next step is to determine whether the
treatment effects are heterogeneous. Heterogeneous treatment effects
occur when the effect of a treatment or intervention is not constant
across all individuals but instead varies systematically with individual
characteristics. In contrast, if treatment effects are not heterogeneous,
this indicates that the treatment effect does not systematically vary
based on any observed characteristics or subgroups. To test for the
presence of heterogeneous treatment effects, the methodology defined
by Chernozhukov et al. (2018) was employed using a best linear
prediction test characterized by y (average treatment effect [ATE]) and
B (differential treatment effect), where a significant f} indicates that
there is significant heterogeneity around the ATE.

For the models that evidenced significant heterogeneity in
treatment effects, the covariates (i.e., pretreatment characteristics)
were analyzed to determine which ones contributed significantly to
that heterogeneity. This is represented through a variable importance
value, which indicates the extent to which each pretreatment
characteristic influences the treatment effects by calculating what
percentage of nodes in the causal trees are generated by a given
predictor. Importance values are weighted by the order of the split,
where higher order splits indicate higher weights.

After estimating the importance of each pretreatment charac-
teristic, we used feature selection models to identify the constel-
lation of pretreatment characteristics that were most predictive of
treatment outcomes (Cai et al., 2018). In these models, the top 10
most important pretreatment characteristics were entered using a
backward stepwise approach by iteratively fitting causal forest
models with subsets of pretreatment characteristics. At each itera-
tion, we removed the least important variable and reevaluated
whether statistically significant heterogeneity persisted. We con-
tinued the fitting process until we identified the minimal set of
pretreatment characteristics that retained significant heterogeneity.
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Table 1
Descriptive Statistics of All Variables
Study 1 Study 2
Variable Mean/prop SD Mean/proportion SD

Female 50.0% 50.0%
Race

White 20.5% 23.2%

Black 11.3% 24.5%

Hispanic 43.43% 44.4%

Multi/other 24.8% 7.9%
Annual income (U.S. dollar) 14,434 12,774 20,612 21,999
Religiosity 2.55 1.11
Education (years) 11.83 2.54 11.76 2.83
Psychological distress 1.13 0.85 1.73 0.66
Substance abuse 0.40 0.99
Social support 0.82 0.87
Adverse childhood experiences 1.89 0.90
Stressful events 1.82 1.37 0.81 0.95
Perceived stress 1.95 0.74
Relationship in trouble 56% 66%
Relational aggression 2.32 0.91 0.58 1.07
Relationship length (years) 5.14 3.74 9.70 7.18
Cohabiting history 67%
Remarried 19% 20%
Number of children 2.09 1.14 2.07 1.18
Baseline relationship happiness 542 1.60 7.32 2.17
Relationship happiness T2 5.88 1.25 7.77 2.34
Relationship stability T2 81%
Positive communication skills T2 3.20 0.57
Negative emotions and behaviors T2 2.17 0.78 2.25 0.92

Note.

N = 6,298 couples (12,596 individuals) for Study 1 and N = 1,595 couples (3,190 individuals) for

Study 2. Not all variables are measured on the same scale across studies, so values should not be directly

compared.

This process allowed us to identify the most parsimonious set of
pretreatment characteristics needed to accurately predict how a
couple will respond to CRE.

Finally, although importance values indicate which pretreatment
characteristics contribute to heterogeneity in treatment outcomes,
this metric does not characterize the direction of the association
between the pretreatment characteristic and treatment outcome. To
understand the pretreatment characteristics of the individuals who
benefitted most and least from the intervention, we conducted a
quantile-based subgroup analysis in which individuals were ranked
by their estimated treatment effect and grouped into quartiles. We
computed the ATE and the distribution of pretreatment character-
istics within each quartile and summarized covariate patterns using
descriptive statistics to characterize the participants within each
group.*

Results
Descriptive Statistics

Participants were racially and ethnically diverse, with 43% of
couples identifying as both Hispanic, 21% identifying as both White,
11% identifying as both Black, and 25% of couples identifying as
another race/ethnicity or couples who differ in racial/ethnic back-
ground. Couples had two children on average and had been married an
average of 5 years. There was a range of relationship functioning, with
56% of individuals reporting that they thought their relationship was in

trouble. The average level of relationship happiness at baseline was 5.4
(SD=1.60)on a 1 to 7 scale. Table 1 presents descriptive statistics for
all baseline characteristics.

Estimation of ATEs

A separate causal forest model was estimated for each of the four
treatment outcome variables. We first compared the ATEs estimated
by the causal forest models to the treatment effects from the original
evaluation of the SHM program (Hsueh et al., 2012) to confirm that
the causal forest models had successfully estimated the treatment
effects. In the original evaluation, the intervention had an impact of
.150 on relationship happiness (p < .10, d = .13),” and the causal
forest model estimated the ATE as .159. The original evaluation
found a treatment effect of .05 for women and .07 for men for
positive communication skills (p <.10,d=.08 and p < .10,d = .11,
respectively), and the causal forest model estimated the ATE for
positive communication skills as .059. The original evaluation
found a treatment effect of —.07 for men and —.09 for women for
negative emotions and behaviors (p <.10,d=—-.08 and p < .10,d =
—.12, respectively), and the causal forest model estimated the ATE
for positive communication skills as —.086. Finally, in the original

“ Further analyses were conducted to assess the independent predictive
validity of the top important pretreatment characteristics using the Rank
Average Treatment Effect framework and partial dependence plots. The
results of these analyses are presented in the Supplemental Material.

> The SHM report does not provide exact p values for these analyses.
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evaluation, the treatment effect on relationship stability was .008
(p > .10, d = .00), and the causal forest model estimated the ATE
for relationship stability as .007. Overall, the ATEs derived from the
causal forest models were very similar to the treatment effects
reported in the original evaluation.

Estimation of Heterogeneity in Treatment Effects

Figure 1 shows the distribution of CATEs estimated by causal
forest for each outcome, where the red vertical line represents the
ATEs. Examining these figures shows that some appear to be not
normally distributed, which suggests heterogeneity in treatment ef-
fects. We then used best linear predictions to confirm if significant
heterogeneity was present in any of the outcomes. Treatment effects on
relationship happiness (p = 1.452, p = .014) and negative emotions
and behaviors (B = 1.600, p = .007) had significant heterogeneity,
indicating that the effect of the treatment on these two outcomes
differed systematically based on individual characteristics. Treatment
effects on relationship stability (B = —4.425, p = .995) and positive
communication skills (B = 1.103, p =.107) did not have significant

Figure 1

CHEN AND WILLIAMSON

heterogeneity, indicating that the treatment effect on these two
outcomes did not systematically vary based on any observed
characteristics. Thus, for the remainder of the results, we focus on
identifying the pretreatment characteristics that contributed to
treatment effects on relationship happiness and negative emotions
and behaviors.

Moderators of Relationship Happiness

We used variable importance derived from the causal forest
models to determine which pretreatment characteristics contributed
to the heterogeneous treatment effect on relationship happiness (see
Table 2). Baseline psychological distress was the most important
variable, contributing to 16.4% of the splits in the causal forest. This
was followed by baseline relationship happiness, which contributed
to 7.7% of the splits, and partner-reported psychological distress,
which contributed to 6.2% of the splits.

We next conducted a feature selection model, which identified a set
of six pretreatment characteristics that made up the most parsimonious
model for predicting treatment effects on relationship happiness

Distributions of Conditional Average Treatment Effects for Each of the Outcome Variables in Study 1
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Table 2
Variable Importance Values for Causal Forest Models Predicting
Relationship Happiness in Study 1

Importance value

Parsimonious

Pretreatment characteristic Full model model
Psychological distress 0.164 0.269
Baseline relationship happiness 0.077 0.178
Partner psychological distress 0.064 0.158
Partner adverse childhood experiences 0.057 0.145
Adverse childhood experiences 0.051 0.135
Perceived stress 0.048 0.116
Relational aggression 0.046
Partner relational aggression 0.042
Partner baseline relationship 0.036

happiness

Relationship in trouble 0.034

Note. N = 9,351. For the full model, only the top 10 most important
variables are presented.

(see Table 2). Psychological distress once again emerged as the most
influential predictor of treatment effect heterogeneity (26.9%), fol-
lowed by baseline relationship happiness (17.8%), partner-reported
psychological distress (15.8%), partner-reported adverse childhood
experiences (14.5%), adverse childhood experiences (13.5%), and
perceived stress (11.6%).

Finally, we grouped participants into quartiles based on their
CATE and summarized the pretreatment characteristics of these
groups. As shown in Table 3, participants who benefitted the
most from the intervention (i.e., those in the top quartile) had an
ATE of d = .28. These participants were generally characterized
by low levels of relationship functioning (e.g., low relationship
happiness, high relational aggression, 94% thought their rela-
tionship was in trouble), high levels of individual distress (e.g.,
high psychological distress, high perceived stress), and high
contextual stress (e.g., high adverse childhood experiences, high
stressful life events). On the opposite end, participants who bene-
fitted least (i.e., those in the bottom quartile) had an ATE of d =
.05. These participants were generally characterized by high levels
of relationship functioning (e.g., only 7% thought their relation-
ship was in trouble), low individual distress, and low contextual
stress.

Moderators of Negative Emotions and Behaviors

The variable importance values for negative emotions and be-
haviors (presented in Table 4) indicate that baseline psychological
distress was the most influential factor, contributing to 16.5% of the
splits in the causal forest. This was followed by perceived stress,
which contributed to 6.0% of the splits, and partner-reported psy-
chological distress, which contributed to 5.5% of the splits.

We next conducted a feature selection model, which identified
three pretreatment characteristics as part of the most parsimonious
model for predicting treatment effects on negative emotions and
behaviors (Table 4). Psychological distress was again the most
influential characteristic (41.5%), followed by partner-reported
psychological distress (29.3%) and educational attainment (29.2%).

Finally, we grouped participants into quartiles based on their
CATE and summarized the pretreatment characteristics of these
groups. As shown in Table 5, participants who benefited the most
from the intervention (i.e., those in the top quartile) had an ATE of
d = .20. Similar to the results for relationship happiness, these
participants were generally characterized by low levels of rela-
tionship functioning (e.g., low relationship happiness, high rela-
tional aggression, 88% thought their relationship was in trouble),
high levels of individual distress (e.g., high psychological distress,
high perceived stress), and high contextual stress (e.g., high adverse
childhood experiences, high stressful life events). On the opposite
end, participants who benefitted least (i.e., those in the bottom
quartile) had an ATE of d = .04. These participants were generally
characterized by high levels of relationship functioning (e.g., only
21% thought their relationship was in trouble), low individual
distress, and low contextual stress.

Study 2

Study 2 was designed to assess the robustness of the results from
Study 1. Study 1 indicated which pretreatment characteristics carry
the most weight in determining treatment effects, but if those results
are idiosyncratic to the data in Study 1, then the model will not be
able to accurately estimate treatment effects in a new data set.
However, if the characteristics that were most predictive of treat-
ment effects in Study 1 are also important in Study 2, the trained
models will accurately predict ATEs, and the pattern of baseline
characteristics will be similar to that observed in Study 1. In other
words, here we sought to test whether new information about
pretreatment characteristics can be plugged into the algorithms
developed in Study 1 to accurately predict treatment outcomes in a
novel CRE intervention.

Method
Transparency and Openness

We report how we determined our sample size, all data exclusions
(if any), all manipulations, and all measures in the study, and we
follow Journal Article Reporting Standards (Appelbaum et al.,
2018). Data and materials are available through the Inter-university
Consortium for Political and Social Research data repository (Study
No. 37843). Analysis code is available at https://osf.io/42qyz. This
study’s design and its analysis were not preregistered.

Participants and Procedure

Data are drawn from the Parents and Children Together (PACT)
project, which is a RCT of CRE (Moore et al., 2018). Different-
gender couples (N = 1,595) aged 18 or above who were expecting or
parenting a child together took part in the study, which was im-
plemented across two sites (El Paso, Texas, and Bronx, New York).
Enrollment occurred from July 2013 through April 2015. After
providing informed consent, partners separately completed a 30-min
baseline phone survey (T1) and then received their random
assignment to the intervention condition or the no-treatment control
condition. Telephone interviews were conducted separately with
both partners about 12 months after enrollment (T2), with a response
rate of 91% for women and 85% for men. The analytic sample
was comprised of individuals who responded to the T2 outcomes
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Table 3

Means and Standard Deviations of Quantile Grouping for Relationship Happiness in Study 1

Pretreatment characteristic Top 25% 26%—-50% 51%-75% Bottom 25%
Psychological distress 2.07 (.70) 1.18 (.61) 0.68 (.44) 0.38 (.33)
Baseline relationship happiness 4.16 (1.60) 5.27 (1.47) 6.00 (1.16) 6.65 (.55)
Partner psychological distress 1.47 (.88) 1.18 (.83) 0.92 (.75) 0.77 (.69)
Partner adverse childhood experiences 1.93 (.87) 1.89 (.89) 1.80 (.87) 1.81 (91)
Adverse childhood experiences 2.17 (.96) 1.92 (.90) 1.73 (.83) 1.62 (.76)
Perceived stress 2.58 (.66) 2.07 (.56) 1.69 (.55) 1.30 (41)
Relational aggression 2.78 (.84) 2.41 (.85) 2.11 (.82) 1.74 (.73)
Partner relational aggression 2.81 (.84) 2.42 (.88) 2.11 (.82) 1.78 (.\72)
Partner baseline relationship happiness 4.61 (1.66) 5.29 (1.55) 5.85 (1.37) 6.33 (1.05)
Relationship in trouble 94.1% 70.5% 38.3% 7.3%
Partner perceived stress 2.28 (.72) 2.03 (.72) 1.80 (.69) 1.55 (.57)

Income
Partner income

12,688 (12,385)
15,087 (12,562)

14,555 (12,821)
14,670 (12,795)

15,171 (12,924)
15,217 (13,093)

16,351 (13,238)
14,655 (13,198)

1.84 (1.35) 1.64 (1.31) 1.49 (1.20)
11.90 (2.56) 12.03 (2.63) 11.72 (2.63)
1.90 (1.37) 1.62 (1.29) 1.36 (1.14)
11.84 (2.59) 11.92 (2.65) 11.87 (2.64)
18.9% 19.9% 25.6%
10.7% 11.0% 14.8%
43.0% 44.9% 39.5%
0.86 (.86) 0.72 (.88) 0.65 (.87)
0.45 (1.0) 0.28 (.76) 0.16 (.57)
531 3.81) 5.19 (3.78) 4.97 (3.75)
0.41 (1.0) 0.26 (.77) 0.17 (.56)
2.19 (1.15) 2.05 (1.14) 1.96 (1.12)
2.52 (.023) 2.60 (.023) 2.87 (.023)
19.6% 16.7% 13.6%
2.52 (1.10) 2.62 (1.12) 2.86 (1.12)
18.9% 19.9% 25.6%
10.7% 11.0% 14.8%
43.0% 44.9% 39.5%
0.81 (.86) 0.75 (.88) 0.75 (.90)
63.3% 44.1% 21.8%
68.2% 63.2% 55.8%
52.0% 49.6% 44.9%
0.18 (01 0.08 (.01) 0.06 (.01)
0.15 0.07 0.05

Partner stressful events 2.04 (1.43)
Education 11.94 (2.52)
Stressful events 2.12 (1.39)
Partner education 11.86 (2.48)
Partner race

White 19.5%

Black 7.5%

Hispanic 48.4%
Social support 1.04 (.83)
Partner substance abuse 0.58 (1.23)
Relationship length 5.71 (3.71)
Substance abuse 0.58 (1.19)
Number of children 2.29 (1.14)
Partner religiosity 2.46 (.023)
Remarried 23.4%
Religiosity 2.48 (1.08)
Race

White 19.5%

Black 7.5%

Hispanic 48.8%
Partner social support 0.94 (.85)
Partner relationship in trouble 81.5%
Cohabitation 71.5%
Female 57.3%
ATE" 0.32 (.02)
Effect size” (d) 0.28

Note. N = 9,351. Standard errors are presented in parentheses after the mean. ATE = average treatment effect.
2 ATE calculated from causal forest. °Calculated using SD from the original report.

(N = 2,801 for relationship happiness and N = 2,747 for negative
emotions and behaviors). This study used an ITT approach, which
includes all participants who were randomly assigned regardless of
their uptake of the intervention.

The PACT Program

The PACT program consisted of three primary components:
curriculum-based relationship and marriage education skills
workshops in small groups, ancillary job and career advancement
services, and family support services. Sites used one of two curricula
for their relationship skills workshops, both of which focused on
common themes such as strategies to avoid conflict, providing
support, and effective communication. The curricula offered 18-24
hr of programming, which local sites were free to deliver however
they chose.

Overall, 87% of couples attended at least one session of rela-
tionship education, and 68% of couples attended at least half the

sessions. All intervention programming (as well as the baseline and
follow-up surveys) was available in English and Spanish.

In addition to the core relationship education programming,
additional job and career advancement services were offered to par-
ticipants, including 2-hr stand-alone employment workshops covering
topics such as preparing resumes and developing soft skills, and one-
on-one services from an employment specialist. Furthermore, one site
also integrated economic and financial well-being topics into their
relationship education workshops. Overall, these services were of
fairly low intensity and did not have a strong uptake (see Zaveri &
Baumgartner, 2016). Finally, treatment group participants were also
offered individual case management services and relationship edu-
cation booster sessions throughout the 1-year period.

Measures

Dependent Variables. Two treatment outcome variables were
identified that matched the two treatment outcomes with significant
heterogeneity in Study 1.
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Table 4
Variable Importance Values for Causal Forest Models Predicting
Negative Emotions and Behaviors in Study 1

Importance value

Pretreatment characteristic Full model Parsimonious model
Psychological distress 0.165 0.415
Perceived stressed 0.060
Partner psychological distress 0.055 0.293
Baseline relationship happiness 0.053
Relational aggression 0.050
Educational attainment 0.049 0.292
Partner adverse childhood experiences 0.049
Number of children 0.045
Adverse childhood experiences 0.043
Partner stressful life events 0.039

Note. N = 9,977. For the full model, only the top 10 most important
variables are presented.

Relationship Happiness. The participant’s global appraisal of
the relationship was assessed with a single item asking, “On a scale
from O to 10, where O is not at all happy and 10 is completely happy,
taking all things together, how happy are you with PARTNER?”

Negative Emotions and Behaviors. Seven items were used to
measure negative couple interactions during disagreements. An
example item is “My spouse was rude and mean to me when we
disagreed.” Items were scored on a 1 to 4 scale, where 1 = never and
4 = often. Responses were averaged to form the scale score (a0 =.93).

Pretreatment Characteristics. We identified variables in the
PACT data that matched the pretreatment characteristics used in
Study 1. Out of 31 pretreatment characteristic variables that were
used in Study 1, we identified matches for 20 in the PACT data.
Variables that were available for inclusion in analyses were gender,
race, income, education, psychological distress, stressful life events,
relationship happiness, thoughts that the relationship was in trouble,
relational aggression, relationship length, whether this was a
remarriage, and number of children. Religiosity, substance abuse,
social support, adverse childhood experiences, perceived stress, and
cohabitation history were not available in the PACT data. A detailed
description of how each of these variables was measured is available
in the Supplemental Materials.

Analytic Approach

Analyses were performed in R using the “grf” package (Version
422; R Core Team, 2024; Tibshirani et al., 2022). Given the
unobservable nature of individual treatment effects and the lack of
formal testable metrics for validating these models on new data sets
(Gong et al., 2021; Shiba & Inoue, 2024), we employed a series of
techniques to assess the performance and generalizability of the causal
forest models derived in Study 1. We first compared the ATEs esti-
mated by the trained causal forest models to the treatment effects from
the original evaluation of the PACT program to confirm that the causal
forest models had successfully estimated the treatment effects (Moore
et al., 2018). Next, consistent with Study 1, we conducted a quantile-
based subgroup analysis in which individuals were ranked by their
estimated treatment effect and grouped into quartiles. We computed the
ATE and the distribution of pretreatment characteristics within each
quartile and summarized covariate patterns using descriptive statistics

to determine whether the characteristics of the participants within each
quartile group were similar to those in Study 1. This approach, while
not definitive, allowed us to gauge whether the patterns of association
between pretreatment characteristics and treatment effects were con-
sistent with what we observed in Study 1.

Results

Table 1 presents the baseline characteristics of participants in
Study 2. The participants in PACT were generally comparable to the
participants in SHM on demographics and relationship functioning,
though there was a larger proportion of Black couples in PACT.

Relationship Happiness

We first examined whether the fully trained model from Study 1
could accurately estimate ATEs on relationship happiness in these
new data. The full model estimated an ATE of 0.143 in the PACT
data, which is very similar to the treatment effect reported in the
original evaluation (impact = 0.15, p = .12, d = .07; Moore et al.,
2018). We next applied the most parsimonious model identified
through the feature selection process in Study 1 to estimate the ATE.
The parsimonious model estimated the treatment effect as 0.155,
which again is very close to that from the original evaluation.
Supplemental Figures S5 and S6 present the distribution of esti-
mated conditional treatment effects for these two models.

Next, we grouped participants into quartiles based on their CATE
and summarized the pretreatment characteristics of these groups. As
shown in Table 6, participants who benefitted the most from the
intervention (i.e., those in the top quartile) had an ATE of d = .08.
These participants were generally characterized by low levels of
relationship functioning (e.g., low relationship happiness, high
relational aggression, 99% thought their relationship was in trouble),
high levels of individual distress (e.g., high psychological distress),
and high contextual stress (e.g., high stressful life events). On the
opposite end, participants who benefitted least (i.e., those in the
bottom quartile) had an ATE of d = .05. These participants were
generally characterized by high levels of relationship functioning
(e.g., only 12% thought their relationship was in trouble), low
individual distress, and low contextual stress. This pattern of results
is consistent with those obtained in Study 1.

Negative Emotions and Behaviors

The trained causal forest model for negative emotions and be-
haviors estimated an ATE of —0.074 in the PACT data, which is
similar to the treatment effect reported in the original evaluation
(impact = 0.05, p = .09, d = .07). We next applied the most
parsimonious model identified through the feature selection process
in Study 1 to estimate the ATE. The parsimonious model estimated
the treatment effect as 0.106, which was twice as large as that from
the original report. This result suggests that this three-variable
parsimonious model was less successful at accurately estimating
treatment effects. Supplemental Figures S5 and S6 present the
distribution of conditional treatment effects for these two models.

Next, we grouped participants into quartiles based on their CATE
and summarized the pretreatment characteristics of these groups. As
shown in Table 7, participants who benefitted the most from the
intervention (i.e., those in the top quartile) had an ATE of d = .13.
These participants were generally characterized by low levels of
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Table 5

Mean and Standard Errors of Quantile Groupings for Negative Emotions and Behaviors in Study 1

Pretreatment characteristic Top 25% 26%-50% 51%-75% Bottom 25%
Psychological distress 2.12 (.69) 1.18 (.58) 0.66 (.44) 0.43 (.34)
Perceived stress 2.61 (.66) 2.06 (.58) 1.70 (.57) 1.36 (.45)
Partner psychological distress 1.54 (.89) 1.18 (.84) 0.96 (.75) 0.74 (.65)
Baseline relationship happiness 4.24 (1.66) 5.26 (1.48) 5.93 (1.23) 6.46 (.86)
Partner relational aggression 2.83 (.83) 2.47 (.89) 2.17 (.83) 1.75 (.71)
Education 12.10 (2.56) 12.11 (2.66) 11.98 (2.60) 11.29 (2.24)
Partner adverse childhood experiences 1.87 (.87) 1.94 (.91) 1.86 (.89) 1.83 (.91)
Number of children 2.42 (1.15) 2.26 (1.17) 2.17 (1.13) 1.66 (1.0)
Adverse childhood experiences 2.17 (.95) 1.98 (.91) 1.75 (.82) 1.59 (.77)
Partner stressful events 2.27 (1.42) 2.02 (1.37) 1.82 (1.36) 1.62 (1.20)
Partner income 15,861 (12,588) 15,297 (13,074) 15,399 (12,971) 12,571 (12,613)
Religiosity 2.64 (1.06) 2.65 (1.11) 2.69 (1.12) 242 (1.13)
Relational aggression 2.71 (.85) 2.41 (.87) 2.19 (.83) 1.89 (.82)
Income 12,947 (12,522) 14,492 (12,905) 14,534 (12,961) 16,551 (12,925)
Stressful events 2.04 (1.38) 1.82 (1.37) 1.63 (1.32) 1.65 (1.26)
Partner baseline relationship happiness 4.68 (1.68) 5.29 (1.56) 5.73 (1.46) 6.18 (1.18)
Partner education 11.89 (2.50) 11.93 (2.61) 12.00 (2.62) 11.61 (2.48)
Partner substance abuse 0.58 (1.16) 0.45 (1.05) 0.31 (.86) 0.20 (.64)
Relationship length 5.94 (3.75) 5.63 (3.79) 5.34 (3.78) 4.05 (3.46)
Substance abuse 0.48 (1.09) 0.42 (1.02) 0.28 (.81) 0.27 (.74)
Partner perceived stress 2.27 ((72) 2.02 (.73) 1.82 (.69) 1.62 (.61)
Relationship in trouble 88.1% 67.3% 41.4% 20.5%
Social support 1.01 (.83) 0.86 (.87) 0.76 (.89) 0.69 (.88)
Partner religiosity 2.60 (1.07) 2.59 (1.13) 2.68 (1.13) 2.49 (1.13)
Partner social support 0.90 (.85) 0.78 (.85) 0.74 (.88) 0.86 (.91)
Remarried 23.3% 19.5% 17.3% 14.7%
Partner race

White 17.9% 19.1% 20.4% 27.1%

Black 50.6% 45.1% 42.5% 35.2%

Hispanic 9.5% 11.5% 12.6% 11.4%
Race

White 17.9% 19.1% 20.4% 27.1%

Black 50.6% 45.1% 42.5% 35.2%

Hispanic 9.5% 11.5% 12.6% 11.4%
Female 61.2% 54.1% 52.2% 37.8%
Cohabitation 70.2% 65.7% 62.7% 63.0%
Partner relationship in trouble 79.5% 61.9% 46.3% 29.6%
ATE" —-0.16 (.01) —0.09 (.01) —0.07 (.01) —-0.03 (.01)
Effect size® (d) 0.20 0.11 0.09 0.04

Note.

N =9,977. Standard errors are presented in parentheses after the mean. ATE = average treatment effect.

2 ATE calculated from causal forest. °Calculated using SD from the original report.

relationship functioning (e.g., low relationship happiness, high
relational aggression, 95% thought their relationship was in trouble),
high levels of individual distress (e.g., high psychological distress),
and high contextual stress (e.g., high stressful life events). On the
opposite end, participants who benefitted least (i.e., those in the
bottom quartile) had an ATE of d = .08. These participants were
generally characterized by high levels of relationship functioning
(e.g., only 12% thought their relationship was in trouble), low
individual distress, and low contextual stress. This pattern of results
is consistent with those obtained in Study 1.

Discussion

Using a data-driven machine learning method, the present study
advances our understanding of which couples benefit most and least
from CRE. Results indicated that there was heterogeneity in the
extent to which the treatment impacted 12-month outcomes on
relationship happiness and negative emotions and behaviors, and

this heterogeneity could be reliably predicted by couples’ pre-
treatment characteristics.

Specifically, results indicated that participants who were experiencing
higher levels of distress, both individually and relationally, benefited the
most from CRE. This general pattern of results, in which those with
lower levels of pretreatment functioning reap the most from CRE, aligns
with a substantial body of previous research. However, the specific
constructs that were most predictive of treatment outcomes diverged
somewhat from those that have been examined in past literature. The
vast majority of past research has focused on characteristics of the
relationship as moderators of treatment outcomes (e.g., level of rela-
tionship satisfaction when entering the program). Indeed, a large lit-
erature has demonstrated that pretreatment relationship distress is
positively associated with intervention outcomes, with more distressed
couples showing greater improvements (e.g., Bradford et al., 2017;
Carlson et al., 2017; Halford et al., 2017; Quirk et al., 2014; Williamson
etal., 2015, 2016). Results of the present study were consistent with this
body of work, indicating that baseline relationship happiness was one of
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Table 6

Means and Standard Deviations of Quantile Grouping for Relationship Happiness in Study 2

Pretreatment characteristic Top 25% 26%-50% 51%-75% Bottom 25%
Psychological distress 2.46 (.66) 1.78 (.48) 1.51 (.37) 1.17 (.22)
Baseline relationship happiness 5.34 (2.35) 7.10 (1.70) 8.01 (1.46) 8.95 (1.07)
Partner psychological distress 1.97 (.74) 1.73 (.65) 1.65 (.62) 1.57 (.56)
Relational aggression 1.18 (1.38) 0.62 (1.04) 0.34 (.78) 0.11 (43)
Partner relational aggression 1.15 (1.38) 0.62 (1.08) 0.36 (.81) 0.19 (.57)
Partner baseline relationship happiness 5.92 (2.40) 7.22 (1.94) 7.89 (1.81) 8.45 (1.48)
Relationship in trouble 98.8% 92.4% 58.9% 12.1%

Income
Partner income

19,416 (20,568)
23,352 (26,760)

Partner stressful events 0.99 (1.06)
Education 11.91 (2.77)
Stressful events 1.15 (1.05)
Partner education 11.81 (2.68)
Partner race

White 23.5%

Black 34.9%

Hispanic 39.0%
Relationship length 9.63 (7.09)
Number of children 2.00 (1.14)
Remarried 27.1%
Race

White 25.1%

Black 34.6%

Hispanic 37.0%
Partner relationship in trouble 98.1%
Female 55.4%
ATE? 0.18 (.01)
Effect size” (d) 0.08

20,448 (27,732)
21,456 (27,324)

21,621 (23,448)
19,440 (16,188)

21,073 (17,556)
18,264 (17,076)

0.85 (0.95) 0.70 (0.90) 0.69 (0.86)
11.95 (2.79) 11.89 (2.83) 11.28 (2.88)
0.92 (0.99) 0.71 (0.87) 0.45 (0.72)
11.82 (2.89) 11.71 2.77) 11.54 (2.95)
29.7% 28.9% 29.4%
25.3% 22.3% 17.4%
41.0% 45.8% 51.6%
8.95 (6.43) 9.85 (7.21) 10.43 (8.10)
2.09 (1.20) 2.04 (1.20) 2.16 (1.19)
21.1% 17.5% 15.0%
31.5% 28.8% 28.5%
25.9% 22.3% 17.3%
39.9% 46.3% 51.0%
94.1% 92.6% 75.0%
52.7% 54.1% 44.5%
0.15 (01) 0.14 (.01) 0.11 (.01)
0.07 0.07 0.05

Note.

N =9,351. Standard errors are presented in parentheses after the mean. ATE = average treatment effect.

* ATE calculated from causal forest. ° Calculated using SD from the original report.

the top predictors of intervention outcomes. However, pretreatment
relationship happiness was only the second-best predictor of relationship
happiness and the fourth-best predictor of negative emotions and
behaviors.

Instead, pretreatment psychological distress was the factor most
predictive of both treatment outcomes, and other top predictors
included adverse childhood experiences and perceived stress.
These results indicate that individual experiences and character-
istics play a major role in the extent to which couples can benefit
from relationship interventions. Yet the importance of individual
risk factors has often been overlooked in this literature, with few
past studies examining individual-level traits or experiences as
moderators of treatment outcomes (cf. Carlson et al., 2017; Cooper
et al., 2024; Williamson et al., 2015). The fact that this data-driven
approach identified important predictors of treatment outcomes
that have previously been overlooked highlights the shortcomings
of top-down, researcher-driven approaches to understanding me-
chanisms of treatment outcomes and the promise of machine
learning methods for unearthing future insights into intervention
heterogeneity.

These findings also contribute to our understanding of the cumu-
lative risk model in the context of CRE (Rauer et al., 2008). Results are
consistent with the theory behind the cumulative risk model: Treatment
outcomes must be predicted with a combination of risk factors and
cannot be accurately predicted with only a single risk factor. However,
the common operationalization of the cumulative risk model, which
assumes that each risk factor conveys an equivalent impact on

outcomes, was not supported. Instead, our findings indicated that some
risk factors contributed disproportionately to heterogeneity in treatment
effects, challenging the assumption of equifinality inherent to tradi-
tional cumulative risk indices. Instead, our results support differential
weighting of risk factors, with personal characteristics playing a strong
role. Additionally, our results were not consistent with the selection of
risk factors that are typically included in risk indices. Multiple past
studies have used a risk index comprised only of sociodemographic
characteristics, such as age, income, and education (e.g., Amato, 2014;
Ritchie et al., 2023; Williamson et al., 2016). However, the only
demographic characteristic that was identified as important in the
present study was education, which was the sixth most important
predictor for negative emotions and behaviors.

Notably, although the causal forest analysis uncovered a range of
treatment effects, the largest estimated treatment effects were still
small in magnitude. In the original evaluation of the SHM program,
the treatment effect for relationship happiness was d = .13
(Lundquist et al., 2014), whereas the causal forest model estimated
that the participants who benefited the most (i.e., the top quartile)
had a treatment effect of d = .28. However, it is worth noting that
both studies focused on samples of low-income couples, a popu-
lation in which treatment effects are typically very small. A meta-
analysis of CRE delivered to low-income couples found a treatment
effect of d = .114 for relationship quality (Hawkins et al., 2022).
Thus, the high-end effects observed in the SHM data are much larger
than the typical outcome for similar participants and are closer to the
ATE for middle-class couples (d = .30; Hawkins et al., 2008).
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Table 7

Means and Standard Deviations of Quantile Groupings for Negative Emotions and Behaviors in Study 2

Pretreatment characteristic Top 25% 26%-50% 51%-75% Bottom 25%
Psychological distress 2.46 (.62) 1.83 (.50) 1.43 (.31) 1.16 (.19)
Partner psychological distress 2.04 ((74) 1.79 (.67) 1.63 (.60) 1.45 (.48)
Baseline relationship happiness 6.61 (2.29) 7.07 (1.93) 8.0 (1.62) 8.79 (1.25)
Partner relational aggression 1.17 (1.39) 0.62 (1.08) 0.32 (.79) 0.15 (.48)
Education 12.41 (2.83) 12.04 (2.77) 11.96 (2.87) 10.69 (2.56)
Number of children 2.26 (1.21) 2.09 (1.20) 2.05 (1.20) 1.92 (1.10)
Partner stressful events 1.10 (1.08) 0.76 (.92) 0.81 (.95) 0.54 (.75)
Partner income 23,592 (26,760) 21,804 (27,876) 19,992 (17,748) 17,592 (14,856)
Relational aggression 1.01 (1.31) 0.66 (1.10) 0.39 (.87) 0.17 (.56)
Income 20,988 (30,336) 22,152 (24,072) 20,964 (18,528) 18,612 (15,708)
Stressful events 1.14 (1.02) 0.87 (.97) 0.73 (.91) 0.48 (.75)
Partner baseline relationship happiness 6.12 (2.33) 7.06 (2.13) 7.96 (1.79) 8.41 (1.46)
Partner education 11.80 (2.72) 11.85 (2.81) 11.83 (2.89) 11.41 (2.86)
Relationship length 9.76 (6.99) 9.37 (6.91) 10.2 (7.34) 9.81 (7.89)
Relationship in trouble 94.8% 80.0% 59.0% 27.0%
Remarried 24.7% 22.9% 17.9% 14.6%
Partner race

White 23.9% 25.1% 30.3% 33.2%

Black 31.1% 26.8% 22.5% 19.0%

Hispanic 43.1% 44.6% 43.8% 45.6%
Race

White 23.8% 28.0% 30.7% 31.9%

Black 31.1% 27.4% 22.1% 18.8%

Hispanic 42.0% 42.5% 44.3% 45.8%
Female 59.2% 53.4% 49.3% 44.8%
Partner relationship in trouble 97.5% 95.4% 85.6% 74.0%
ATE?* —0.09 (.01) —0.08 (.01) —0.07 (.01) —0.06 (.01)
Effect size® (d) 0.13 0.11 0.10 0.08

Note. N = 9,977. Standard errors are presented in parentheses after the mean. ATE = average treatment effect.
* ATE calculated from causal forest. ° Calculated using SD from the original report.

There are several limitations that must be considered in the
interpretation of this study. First, as mentioned above, the two samples
used in these analyses were comprised of low-income couples. These
data sets were chosen because the sample sizes were very large, which
is required for stable estimation of CATEs (Wager & Athey, 2018),
and the current funding landscape for relationship interventions means
that the only large-scale studies of CRE being conducted are focused
on low-income couples. Although this limits the generalizability of the
results to higher socioeconomic status groups, it also enhances their
relevance to the settings where the vast majority of CRE research and
implementation are currently taking place.

Second, the use of an ITT approach uses all participants assigned to
the treatment group, regardless of the dosage of the intervention they
received. This has the advantage of providing a more conservative
estimation of treatment effects. However, when examining questions
about which subgroups benefit more, the ITT approach may have
limitations. For example, it might overlook the fact that important
participant characteristics could influence not only the treatment effect
but also the likelihood of full participation in the intervention. For
example, participant characteristics and program setting are associated
with attendance rates of CRE interventions (Friend et al., 2023). These
interactions between participant characteristics, intervention adher-
ence, and treatment outcomes could potentially mask or distort
subgroup-specific effects. Future research should consider each aspect
(e.g., implementation, recruitment, attrition) with caution, especially
when drawing applied conclusions from the results.

Third, there was variation in how constructs were measured and
operationalized across the two studies. This inconsistency in assess-
ment methods across programs restricted our ability to conduct uniform
analyses across both interventions. Specifically, we were unable to
examine the influence of an important characteristic, perceived stress,
on treatment effects in PACT. However, this limitation is reflective of
real-world implementation settings in which practitioners may have
incomplete data or different measures of a construct but still wish to
optimally allocate interventions. The fact that the trained models
functioned well in the face of these limitations suggests that they were
fairly robust.

Fourth, causal forest has emerged as a prominent method in the
burgeoning field of machine learning—based causal inference,
demonstrating excellent performance in estimating treatment effects
on simulated data where traditional metrics (e.g., mean squared error
or accuracy) can be evaluated. Nonetheless, a significant limitation
of this approach is the lack of readily testable metrics for validating
results on new, unseen data (Gong et al., 2021; Shiba & Inoue,
2024). We have utilized the currently available techniques to make
inferences about the generalizability of the model trained in Study 1
to novel data in Study 2. However, future methodological devel-
opment in this area would allow for new innovations, such as
building a dashboard that CRE providers could use at intake to
determine whether a couple is likely to benefit from their program. A
version of this idea has been implemented in an online relationship
intervention, which used random forests to develop an algorithm
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that predicts the level of coach support couples need while com-
pleting the program (Hatch & Doss, 2022).

Last, the observed outcomes may be influenced by ceiling effects.
In truly preventive interventions, measurable benefits might not
emerge within a 12-month timeframe unless the control group
experiences substantial declines during that period. As such, these
analyses may primarily detect benefits among couples who entered
the program with lower functioning and thus have greater room for
improvement. This focus on short-term outcomes may also obscure
the potential long-term preventive benefits of the intervention,
which could take years to manifest. This short-term lens makes it
difficult to assess the preventive potential of relationship education
programs, which were originally designed to maintain functioning
and prevent future distress rather than produce immediate change.
From a policy and funding perspective, this underscores the
importance of supporting long-term follow-up in program evalua-
tions. Without extended data collection, the full impact of preventive
interventions cannot be accurately assessed.

In sum, this research contributes to the growing body of evidence
supporting the examination of heterogeneity in treatment effects of
social and psychological interventions and demonstrates a cutting-
edge machine learning approach for doing so (Bolger et al., 2019;
Bryan et al., 2021). These studies provide evidence that the impacts
of CRE interventions are heterogeneous, and treatment outcomes
can be predicted by pretreatment characteristics. CRE interventions
yield greater benefits for individuals experiencing higher levels
of individual and relational distress when they enter the program,
whereas those with better baseline functioning benefit very little
from CRE. By elucidating the complex interplay of pretreatment
factors and their impact on intervention outcomes, this research
advances our theoretical understanding of CRE effectiveness and
points toward future directions to improve the dissemination and
implementation of this type of intervention.
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